The interconnection among different choices by the same decision-maker is fairly well established in the literature. Along this line, this paper aims to identify how preferences for electromobility are affected by mode choices for regular trips. With this purpose in mind, a framework based on person-and alternative-specific error components (covariances) is proposed. The method aims to include individual-specific error components associated with the alternatives of a given experiment into another, and to analyze how the preference for a certain alternative in a given choice situation affects the individual's preferences in another choice situation.
INTRODUCTION
It is a well-established fact that travel preferences and behavior of the individuals are related to other travel-related decisions, such as car ownership or residential location To conduct this kind of analysis, it is convenient to simultaneously consider travel behavior information and preferences toward electromobility. For this, this work relies on the discrete choice (DC) modeling approach (McFadden, 1974) and considers a simultaneous estimation of DC models on vehicle purchase and on modal choices. An intuitive approach to link both experiments is considering the underlying attitudes affecting both decisions making use of a hybrid discrete choice (HDC) framework (McFadden, 1986; Train et al., 1987 , Ben-Akiva et al., 2002 , which allows controlling for attitudinal characteristics of the population. However, as it is not possible to identify all attitudes affecting the decisions, the correlation between them may be underestimated. To avoid this problem, the modeling takes advantage of the pseudo-panel structure of the sample (with individuals facing more than one choice situation for each experiment). This way, the correlation among answers provided by the same individual in a given experiment may be incorporated into the other, offering a clear representation of the extent to which one decision is affected by the other. This paper presents a method to correlate two independent DC experiments, based on stated-preferences (SP), making use of random panel effects (Bhat and Gossen, 2004 ).
Additionally, it identifies the existence of correlation between modal choice and vehicle purchase decisions among the Austrian population; thus the simultaneous consideration of both models increase their explainability and offers clear insights on the way in which both decisions are interconnected.
The rest of the paper is organized as follows. Section 2 presents an overview of the theoretical approach and extends it in order to consider the correlation among different SPexperiments, while Section 3 offers a description of the dataset utilized to test the hypothesis. The results are discussed in section 4 and finally, section 5 summarizes the paper's conclusions.
METHODOLOGICAL APPROACH
Under the assumption that individuals are rational decision makers, it can be postulated that individuals facing a set of available alternatives A, will choose the alternative i that maximizes their perceived utility. In accordance with Random Utility Theory (Thurstone, 1927; McFadden, 1974) , it is possible to depict this utility (U i ) as the sum of a representative component and an error term (ε), which, under the assumption of additive linearity, leads to the following expression (Ortúzar and Willumsen, 2011):
where X is a matrix standing for observed attributes of the alternatives and characteristics of the individuals and β is a vector of parameters to be estimated. If it is assumed for the error terms to be independent EV1 distributed with same mean (for all alternatives) and diagonal homoscedastic covariance matrix (Σ ε ), the choice probabilities will be given by a Multinomial Logit model (Domencich and McFadden, 1975; MNL) . Nevertheless, the assumption of independence does not hold, when the observations arise from panel or pseudo-panel data, as in this case the observations associated with the same individual would be correlated.
To approach this problem, it is useful to rely on Mixed Logit models (Cardell and Dunbar, 1980 ; Ben-Akiva and Bolduc, 1996; ML). Here, it is assumed that the stochastic component of the model would be given but by the sum of the previously described independently identically EV1 distributed error term (ε) and other stochastic element that can follow any distribution. In this case, the utility function would take the following shape:
Here, η is an error component following a given distribution and whose covariance matrix (Σ η ) is not subject to homoscedasticity and no-autocorrelation restrictions (as long as the model is identified). This way, for instance, it can be accounted for correlation between individuals and alternatives. Under these assumptions, the likelihood function may be depicted as follows:
where the first component stands for the usual MNL probabilities (y is a vector taking a value of 1 if the alternative is selected and 0 otherwise), while the second term represents the distribution of the error term η. As normally this representation will not lead to closedform expressions for the probabilities, the likelihood function must be integrated over the domain of the stochastic component η, making use of simulated likelihood techniques (McFadden, 1986 ).
To deal with panel or pseudo panel data it can be assumed that the error component η be common to all answers provided by the same individual (Bhat and Gossen, 2004; Walker et al., 2007) . Thus, the total error would be given by the sum of the i.i.d. EV1 error term and a mixing distribution allowing for capturing the correlation among the choices of the same individual (this approach work well for labelled experiments, but it does not appear to be suitable to address unlabeled data; Daly and Hess, 2010). In this case, the integration must be conducted at individuals' level rather than choices.
Dealing with several SP-Experiments
When addressing two or more independent labelled SP-experiments, whose answers are provided by the same respondents, the situation is not different, as the choices of the same individuals are also correlated.
If the experiments are treated independently, it would suffice to account for the correlation of the answers provided by the same individuals within the experiments (if it is assumed that both experiments consist of more than one choice situations). Thus, the utility functions would take the following shape (when assuming two labelled SP-experiments, each consisting of three alternatives, which is the minimum to assure that the variability of all person-and alternative-specific error components be identified; Walker et al., 2007 -Extending this framework for more SP-Experiments and alternatives is straightforward): This framework would lead to the following likelihood function (which could easily be split into two independent models):
In this case, no bias is being induced into the modeling as the observations of the first experiment do not affect the outcome of the other and vice versa. This framework, however, does not allow for considering parameters common to both experiments or for 11  11  11  11  11  21  12  22  13  23   12  12  12  12  21  21  22  22  23  23   13  13  13  13  31  21  32  22  33 
This framework may be extended in order to incorporate latent variables or classes (that may be reason for the existence of correlation). Nevertheless, this approach is clearly more extensive than considering latent variables or classes as the only source of correlation among the answers provided by the same individual, as it allows capturing not only the correlation associated with identified underlying attitudes affecting both choices, but also the correlation related to unidentified characteristics of the individuals.
DESCRIPTION OF THE DATASET
The data for the analysis originates from a discrete choice experiment (DCE) conducted in To strengthen the link between the hypothetical choice scenarios and the real purchase decision, additional information on observed driving behavior and purchase preferences was used to individualize the choice sets. Table 1 presents an overview of the variables that were found to be significant for the matters of the study.
ESTIMATION AND RESULTS

As
First, independent models for both experiments were calibrated taking the correlation within individuals into account (equation [2.5] ). Subsequently, correlation terms among both experiments were introduced. For the purposes of this study, it was assumed that only the correlation among the answers in the modal choice experiment would affect the vehicle purchase experiment, and not vice versa. The hypothesis behind this reasoning is that individuals are familiar with modal choice decisions, and therefore a particular set of attitudes, perceptions and values (for which it is not being controlled) has been developed over time. Hence, this particular mindset may affect other (slightly related) decisions. In the case of the DCE on vehicle purchase considering electric vehicles (whose participation in the market is still very low; Jenn et al., 2013), the modeler is dealing primarily with a hypothetical decision; thus attitudes, perceptions and values affecting this decision arise from other experiences and no particular mindsets related to this specific choice situation have been developed yet. Table 1 -Definition of the variables considered in the model.
Variable Definition
Male Dummy variable indicating masculine gender.
Old
Dummy variable indicating individuals older than 60 years
MidAge Dummy variable indicating individuals older than 35 years, but no older than 60 year.
IN
Inertia variable in DCE-MC.
FFT, CT
Free flow time and congestion time for PV in DCE-MC in min., respectively.
PRK, TL, FE
Parking, toll and fuel expenses for PV in DCE-MC in €., respectively.
TT, INT
Travel and interval time for PT-B, PT-T or NMT in DCE-MC in min., respectively.
TCK
Fare for individual ticket for PT-B or PT-C in DCE-MC in €.
NT
Number of transfers for PT-B or PT-T in DCE-MC.
WLK, BCL, EBC
Subdivision of the NMT alternative in DCE-MC: walking, cycling and electric bicycle, respectively.
PP
Purchase Price in DCE-VP in €·10 4 .
FC, MC
Fuel and maintenance cost in DCE-VP in € / 100 km., respectively.
PS
Power of the engine in DCE-VP in hp.
RA
Driving range in DCE-VP in km.
IM2, IM3, IM4
Dummy variables indicating the execution of the respective policy incentive in DCE-VP.
Sigma
Variability of the person-and alternative-specific covariances (η xy for U xy in eq. [2.6]).
α-PV
Impact of person-specific covariance of alternative PV in DCE-VP (α xy in eq. [2.6]).
α-PT-B
Impact of person-specific covariance of alternative PT-B in DCE-VP.
α-PT-T
Impact of person-specific covariance of alternative PT-T in DCE-VP.
α-NMT
Impact of person-specific covariance of alternative NMT in DCE-VP.
The results for the estimated models are presented in Table 2 (DCE-MC) and Table 3 (DCE-VP). Even though the models were estimated jointly, the results for both experiments are presented separated for layout purposes. The model on the right (Independent Model) corresponds to the model estimated according equation [2.5] , while the model on the left (Correlated Experiments) was estimated in accordance with equation [2.7] . The results of the t-test for statistical significance are presented in parenthesis. The final value for the overall log-likelihood is also reported. As can be observed from Table 2the The interval time (normally associated with the waiting time for public transportation) is associated with a lesser disutility than the travel time, which may be related to the fact that transit systems in Austria operate on schedule, and therefore higher interval times are associated rather with less flexibility (regarding departure time) than with larger waiting periods.
Regarding travel expenses, it is observed that toll and parking fees are perceived as much more discouraging that fuel costs (with the parameter associated with the latter not being statistically significant). However, the disutility associated with toll and parking fees is less than the disutility associated with tickets for public transportation. Given the fact that it was allowed for multiple time and money parameters to be calibrated (related to different transportation modes and features) there is no uniform value of time (VoT), but it ranges between 23€-26 €/hr. for private transportation and 15€-18 €/hr. for public transportation.
The number of transfers has a significant negative impact for both public transportation alternatives, while it can be established that middle-aged and older individuals favor nonmotorized alternatives. A statically significant correlation among the answers provided by the same individuals was identified for all alternatives.
In general, major differences between the estimates following both approaches cannot be established. The main differences are related to changes in the ASCs and inertia variables (which are more sensitive to changes when using an alternative-specific correlation structure) as well as to a significant increase of the variability of the PASEC associated with the alternative TP-B.
The estimates for the DCE-VP (Table 3) Concerning the comparison between the model considering independent experiments and the one taking the correlation into account, it may be concluded that the main differences are (as in the previous case) associated with the ASCs and the PASECs. While the PASECs are all significand for the independent model, for the correlated model it can be observed that the variability of the PASEC of alternative PV is substantially smaller, not being statistically different form zero (the variability of the PASECs does not exhibit significant differences between models for the remaining alternatives). Nevertheless, in this case the differences between parameter estimates appear to be larger than in the previous case. It may be explained by the fact that in this experiment, the impact of the correlation observed in the DCE-VP is being considered directly into the utility functions.
Finally, it can be established that the correlation among the answers provided by the same individual in the DCE on modal choice has a significant effect on the answers provided in the DCE-VP, as most of the parameters accounting for correlation across experiments are statistically significant. Therefore, it can be concluded that the transport behavior indeed influences the preferences for electromobility. Additionally, a substantial increase of the predictive capability is observed with the goodness-of-fit of the model accounting for correlation clearly outperforming the independent model (the likelihood-ratio test for equal predictive capability can be easily rejected). Table 4 presents an overview of the effect of the PASECs of the DCE-MC on the utility functions of the DCE-VP. Here, the estimated parameters (α jk ) are multiplied by variability (absolute value) of the PASECs in order to offer a better representation of the extent, to which the utility functions of the DCE-VP are affected by these error component. As can be observed, individuals favoring private transportation (PV) in the modal choice experiment tend to favor conventional vehicles in the vehicle purchase experiment as well.
Along this line, these individuals tend to dislike BEVs. Contrariwise individuals favoring public transportation or non-motorized alternatives ascribe a higher utility to BEVs and a relative disutility to CVs. It is not possible to identify a statistically significant correlation among travel behavior and preferences between HEVs and PHEVs (except in the case of PT-B users favoring PHEV). This is in line with our expectations, as HEVs and PHEVs are usually perceived as similar alternatives.
These finding are line with the assumption that individuals concerned about the environment may favor both public or non-motorized transportation and electric vehicles.
CONCLUSIONS
It is well documented in the literature that apparently independent choices may be 
